To maximize reward and minimize effort, animals must often execute multiple movements in a timely and orderly manner. Such movement sequences must be usually discovered through experience, and during this process, signals related to the animal's action, its ordinal position in the sequence, and subsequent reward need to be properly integrated. To investigate the role of the primate medial frontal cortex in planning and controlling multiple movements, monkeys were trained to produce a series of hand movements instructed by visual stimuli. We manipulated the number of movements in a sequence across trials, making it possible to dissociate the effects of the ordinal position of a given movement and the number of remaining movements necessary to obtain reward. Neurons in the supplementary and presupplementary motor areas modulated their activity according to the number of remaining movements, more often than in relation to the ordinal position, suggesting that they might encode signals related to the timing of reward or its temporally discounted value. In both cortical areas, signals related to the number of remaining movements and those related to movement direction were often combined multiplicatively, suggesting that the gain of the signals related to movements might be modulated by motivational factors. Finally, compared with the supplementary motor area, neurons in the presupplementary motor area were more likely to increase their activity when the number of remaining movements is large. These results suggest that these two areas might play complementary roles in controlling movement sequences.
Introduction
To maximize future rewards, the animals must combine incoming sensory signals appropriately with the knowledge of their environment. Previous anatomical and neurophysiological studies suggest that Brodmann area 6 in the primate brain might be an important node in this process. Anatomically, area 6 lies between and connected to the prefrontal cortex and the primary motor cortex (Leichnetz, 1986; Barbas and Pandya, 1987) , and includes the dorsal (F2 and F7) and ventral (F4 and F5) divisions of the premotor cortex as well as the supplementary motor area (SMA) (F3) and presupplementary motor area (pre-SMA) (F6) (Matelli et al., 1985 (Matelli et al., , 1991 . Studies based on neurophysiological recordings and lesions have also demonstrated that these areas contribute to multiple aspects of action planning and selection (Picard and Strick, 2001; Rushworth et al., 2004; Hoshi and Tanji, 2007) .
The present study focuses on the role of the SMA and pre-SMA in encoding individual movements in a sequence. Lesions or pharmacological inactivation of these cortical areas impair the ability to produce a particular sequence of movements from memory (Luria, 1966; Shima and Tanji, 1998) . Furthermore, imaging studies showed that the pre-SMA and SMA are commonly activated during the acquisition and production of sequential movements (Roland et al., 1980; Jenkins et al., 1994; Grafton et al., 1995) . In addition, neurons in both cortical areas often change their activity according to the planned movement sequences (Tanji and Shima, 1994; Shima and Tanji, 2000) . With respect to sequence learning, the pre-SMA may play a more important role in the learning of new movement sequences than the SMA (Nakamura et al., 1998; Hikosaka et al., 1999) . Furthermore, during the planning and execution of movement sequences, neural activity related to the ordinal positions of individual movements in a sequence is more commonly found in the pre-SMA (Clower and Alexander, 1998; Shima and Tanji, 2000) . Accordingly, it has been proposed that the pre-SMA might be more involved in regulating the process of linking individual movements in a correct order (Tanji, 2001) . In previous studies, however, sequence-related activity in the SMA and the pre-SMA has been characterized with movement sequences of a fixed length, most commonly using sequences of three movements (Clower and Alexander, 1998; Shima and Tanji, 2000) . Therefore, neural activity seemingly related to specific ordinal positions in a sequence might be related to the number of movements remaining in a sequence. Indeed, signals related to the number of movements remaining before reward delivery have been identified in several brain areas, including the anterior cingulate cortex (Shidara and Richmond, 2002) and the basal ganglia (Bowman et al., 1996) , and might reflect the motivational significance of individual movements. In the present study, we examined the activity of neurons in the SMA and pre-SMA during a behavioral task that varied the number of remaining movements necessary to obtain reward separately from the ordinal position and movement direction. The results showed that neurons in these cortical areas often combine these different types of signals multiplicatively.
Materials and Methods
Animal preparation. Two male rhesus monkeys (Macaca mulatta; 9 -12 kg) were used in this study. For neurophysiological recording, a set of four titanium head posts were attached to the skull during an aseptic surgery for the purpose of fixing the head. After the animal was trained to perform the task with its head fixed, a second surgery was performed in which a titanium recording chamber (18 mm inside diameter) was placed over the skull along the midline ϳ2 mm anterior to the genu of the arcuate sulcus. The position of the recording chamber was determined using magnetic resonance images, and was confirmed during the recording experiment according to the physiological criteria described below. All surgical and experimental procedures were approved by the University of Rochester Committee on Animal Research and conformed to the Public Health Service Policy on Humane Care and Use of Laboratory Animals and Guide for the Care and Use of Laboratory Animals.
Behavioral task. The animals were trained in a manual serial reaction time task (Nissen and Bullemer, 1987; Lee and Quessy, 2003; Lee, 2004) , in which they were required to capture a series of visual targets presented on a computer screen by manipulating a joystick (model J50; ETI Systems, Carlsbad, CA) with their right hands (Fig. 1) . The number of targets that the animal was required to capture in a trial varied systematically, as described below. The position of the joystick was measured via a 16-bit A/D converter at a sampling rate of 250 Hz, and was shown to the animal with a green cursor (1.9°in diameter) on the screen. The animal's eye position was monitored using a video-based high-speed (225 Hz) eye-tracker (model ET49; Thomas Recording, Giessen, Germany).
Throughout the experiment, the computer screen displayed nine blue squares arranged in a 3 ϫ 3 grid on a black background (Fig. 1 A) . The target for each movement was a red disc (4.8°in diameter), and was presented at the center of a blue square (9.1 ϫ 9.1°). After the first target was presented in a given trial, the animal was required to capture it with the feedback cursor within 10 s. Otherwise, the same target appeared again after a 1 s intertrial interval. After the animal successfully kept the cursor within the target region for 0.5 s (hold time), it was extinguished and a new target was presented in one of the adjacent squares. The animal was required to capture the new target within 2 s and hold it for a 0.5 s hold time. This was repeated several times. If the animal failed to capture any target within 2 s time limit or to hold it for the 0.5 s hold time, the trial was aborted without reward, and the same sequence of targets was presented again in the next trial. When the animal completed the trial successfully by capturing all the targets in a given sequence, the animal was rewarded with a drop of apple juice (ϳ0.4 ml). Accordingly, the position of the last target in a given trial is referred to as the rewarded location.
In the present study, a series of targets presented in a given trial and the corresponding movements is referred to as a sequence. A sequence was determined by the following three factors; (1) rewarded location, which was chosen from one of the four corners of the grid; (2) sequence length, which was defined as the number of movements in a given trial; and (3) path, which was defined as one of four alternative cyclical patterns of target locations (Fig. 1 B) . Rewarded location and path were pseudorandomly chosen and fixed in a block of trials. In contrast, the sequence length could be 2, 4, 6, or 8, and varied pseudorandomly across trials in a given block. In most trials, sequence length was determined by the location of the first target in a trial, because the path and rewarded location were fixed for all trials in a given block. For example, if the first target appeared at the bottom left corner of the grid for the path shown in Figure 1C , the sequence length for this trial would be 6. However, if the first target appeared at the center square of the grid in some blocks (Fig.  1 D) , this could be consistent with two alternative sequences consisting of two and eight movements, respectively. Within a block, each sequence length was repeated five times, resulting in 20 trials in a block. In each session, all possible combinations of different rewarded locations and paths were presented, which corresponded to 16 blocks (320 trials) and 1600 movements. The order of blocks was randomized for each session, and block transitions were not signaled by any sensory cues.
Neurophysiological recording. Single-unit activity was recorded extracellularly from the neurons in the SMA and pre-SMA of the left hemisphere in each animal, using a 16-channel multielectrode recording system (Thomas Recording). In most recording sessions, we used eight electrodes, and on average recorded 2.7 neurons simultaneously. Spikes were sorted on-line using a Plexon multichannel acquisition processor (Plexon, Dallas, TX). In one animal (monkey J), the border between the SMA and pre-SMA was determined based on the locations of electrode penetrations in which twitches in the orofacial muscles were evoked by microstimulation (pulse duration, 250 s; train duration, 100 ms; current, 50 A; repetition rate, 300 Hz) while the animal was lightly sedated with ketamine (Ͻ1.2 mg ⅐ kg Ϫ1 ⅐ h Ϫ1 ). This corresponded closely to the border that divides the neurons with visual and somatosensory responses identified during recording sessions (Mitz and Wise, 1987; Matsuzaka et al., 1992; Lee and Quessy, 2003) . In the other animal (monkey D), the border between the SMA and pre-SMA was determined based solely on the distribution of neurons with somatosensory and visual responses. Neurons in the SMA were recorded 1-5 mm posterior to the SMA/pre-SMA border, whereas neurons in the pre-SMA were recorded 1-6 mm anterior to the border. Neurons were included in the analysis only if they were recorded for at least 90% of the complete data set (288 trials or 1440 movements).
Analysis of behavioral data. Only the behavioral data obtained concurrently with neural data were included in the analysis. For each movement, reaction time was defined as the interval between the time of target onset and the time when the cursor exited from the previous target. We tested whether the animal's reaction time was influenced by the ordinal position (OP) of the movement, the number of remaining movements (NRM) that the animal was required to produce before reward after the current movement, and the distance ( D) between the current target and the rewarded location. Because the movements toward the first targets were not controlled, they were excluded from this analysis, and the first movements (i.e., OP ϭ 1) refer to the movements directed toward the second target in each sequence. Therefore, NRM ' SL Ϫ OP, where SL is the sequence length. SL varied across trials, so the effects OP and NRM could be evaluated separately. The effects of these multiple variables on reaction time was evaluated using the following linear regression model:
where RT i is the reaction time for the ith movement in a given session, and NRM i and OP i are the number of remaining movements and the ordinal position of the same movement, respectively. D i refers to the distance between the target for the ith movement and the rewarded location in the same trial, normalized by the center-to-center distance between the two neighboring target locations in the grid. ⌬D i refers to the change in the distance between the target and the rewarded location. In other words, denoting the normalized distance between the previous target and the rewarded location as
For example, for the movement indicated by the thick line in Figure 1C , NRM ϭ 5, OP ϭ 1, D ϭ 1, and ⌬D ϭ Ϫ1. Finally, a 0 ϳa 4 denote the regression coefficients. This model was applied to the entire dataset as well as separately to the data obtained from individual sessions. The movements with ambiguous NRM (Fig. 1 D) were excluded from this regression analysis. Analysis of neural data. To determine whether the activity of a given neuron changed significantly across different movement direction, a one-way ANOVA was applied to the spike counts during a 500 ms interval beginning 250 ms before target onset. Next, we evaluated the effects of NRM and OP on the activity of each neuron. As described in Results, reaction times varied systematically according to NRM and OP. Therefore, neural activity related to the variability in the movement kinematics could be potentially mistaken for signals related to NRM or OP. To control for this possibility, we analyzed the effects of NRM and OP on neural activity after the effects of kinematic variables, such as hand position and velocity, were factored out. Assuming a Poisson distribution for the spike counts, we applied the following generalized linear model (Christensen, 1997; Hatsopoulos et al., 2007) :
where SC i (t) is the number of spikes between t and t ϩ 50 ms relative to the onset of the target for the ith movement in a given recording session, E[x] is the expected value for x, and t changed in steps of 50 ms from 250 ms before target onset to 200 ms after target onset. The use of exponential function in the above equation reflects the assumption that the spike counts are distributed according to the Poisson distribution with the mean of m i (t). X i (t) is a column vector consisting of kinematic data, including horizontal and vertical joystick positions at time t, horizontal and vertical joystick velocities sampled every 50 ms from t Ϫ 500 ms to t ϩ 500 ms, horizontal and vertical eye positions at time t, and horizontal and vertical eye velocities sampled every 10 ms from t Ϫ 500 to t ϩ 500 ms. The weight vector ␤ was estimated with a maximum likelihood method using the glmfit function in Matlab 7 (Mathworks, Natick, MA). The residual spike count for the ith movement in a given recording session is denoted as RSC i , and was calculated as the sum of the residuals from this model for 10 successive 50 ms bins beginning 250 ms before target onset. In other words,
The movements with ambiguous NRM (Fig. 1 D) were excluded in this analysis and analyzed separately (see below).
To test whether the activity of neurons in the SMA and pre-SMA tended to change as a linear function of NRM and OP, a linear regression model was applied to the residual spike count obtained from the kinematic model. This model also included the reaction time to control for a possible effect of reaction time on neural activity. Namely,
To test whether the effect of NRM and OP might reflect the changes in neural activity related to the number of movements in a sequence, namely sequence length, we also tested the following model,
where SL i indicates the sequence length for the trial including the ith movement.
We then examined a series of linear and nonlinear regression models to investigate how serial order information, such as NRM and OP, is encoded in the activity of individual neurons together with information about movement direction. First, we constructed the null model by assuming that neural activity is simply a function of movement direction and reaction time. In other words,
where
is a vector of four dummy variables indicating the movement direction for the ith movement (d X ϭ 1, if the movement was in the direction X, and 0 otherwise, where X ϭ left, right, up, or down), RT i the reaction time for the same movement, and c and c rt the corresponding regression coefficients. We then examined 18 other models that can be grouped in two categories. Nine of these models are referred to as additive models, in which the effects of NRM, OP, and movement direction were combined linearly, whereas the remaining nine models are referred to as multiplicative models. Additive models can be expressed as the following: Figure 2 . Effects of the NRM and the OP on reaction times. The average reaction times were computed separately for each combination of NRM and OP, and are connected by a line for each sequence length (SL ϭ 2, 4, 6, or 8). The error bars (SEM) (data not shown) are all smaller than the symbols. The horizontal dotted line and the empty circles correspond to the average reaction time for movements with ambiguous NRM (Fig. 1 D) .
where functions F 1 and F 2 describe how the neural activity is influenced by NRM and OP of the movement, respectively. We considered three different classes of models that included only the effect of NRM (␦ 1 ϭ 1 and ␦ 2 ϭ 0), only the effect of OP (␦ 1 ϭ 0 and ␦ 2 ϭ 1), or the effect of both variables (␦ 1 ϭ ␦ 2 ϭ 1). These three classes of models are referred to as N models, O models, and NO models, respectively. For each class of models, we then considered three different functional forms for F 1 and F 2 . First, for linear models, it was assumed that the activity changed as a linear function of NRM and OP. Namely,
Second, for Gaussian models, the activity was modeled as a Gaussian function of NRM and OP.
and
Finally, for factor models, it was assumed that the activity was determined independently for each NRM and OP.
N i ϭ [n 0 n 1 .. n 6 ] is a vector of seven dummy variables indicating the NRM for the ith movement in a given recording session, namely, n k ϭ 1, if NRM i ϭ k, and 0 otherwise. Similarly,
] is a vector of seven dummy variables indicating the OP for the ith movement in a given recording session, namely, o k ϭ 1, if OP i ϭ k ϩ 1, and 0 otherwise. p and q are the vectors of corresponding regression coefficients. For multiplicative models, it was assumed that the effects of NRM, OP, or both are combined multiplicatively with the effect of movement direction.
in which c and r are the vectors of regression coefficients. Similar to the additive models, we considered nine different multiplicative models by assuming that the neural activity is affected only by the NRM (␦ 1 ϭ 1 and ␦ 2 ϭ 0), only by the OP (␦ 1 ϭ 0 and ␦ 2 ϭ 1), or by both (␦ 1 ϭ ␦ 2 ϭ 1) and by assuming that F 1 and F 2 take one of the three functional forms described above. In these multiplicative models, therefore, the individual elements of the vector r can be considered as gains modulating the effect of NRM or OP for each movement direction separately.
In the following, each of these 18 different models is identified by a set of adjectives that specify its attributes in the three dimensions described above. For example, multiplicative Gaussian NO model refers to the model in which the neural activity is influenced by both NRM and OP (NO model) via Gaussian functions (Gaussian model), and in which these effects are combined multiplicatively with the effect of movement direction (multiplicative model). For each of the 18 models as well as the null model, model parameters were estimated in Matlab 7 (Mathworks) by minimizing the sum of squared errors between the residual spike count and the value predicted by the model.
Model comparisons.
We compared the performance of the above 19 models using twofold cross-validation. For each model, one-half of the movements examined for each neuron were randomly selected and used for estimating the model parameters (training set), and the other onehalf (test set) were used for calculating the sum of squared errors for the model. Then, we switched the roles of the two datasets. We repeated this procedure 50 times to improve the reliability of evaluating the performance of each model. For each repetition, the model with the minimum average sum of squared errors was picked as the best model, and the model that was chosen most frequently across 50 repetitions was selected as the best model for a given neuron. For each cortical area, we then counted the neurons for which a particular model was chosen as the best model. In rare cases when multiple models are chosen equally often as the best model, the count was incremented by the reciprocal of the number of the models that tied. For example, if two models tied for a given neuron, then the neuron count was incremented by 0.5 for each model. This happened for Ͻ5% of the neurons in each cortical area.
We then examined how much variability in the spike count during the 500 ms interval used in the above analyses was accounted for by the kinematic model and the best model that also included variables related to the serial position of each movement. First, we computed the sum of the squared deviance of the spike count from its mean (SS total ), the sum of squared residuals from the kinematic model (RSS kin , from Eq. 3), and the sum of squared residuals from the best model (RSS best ). Second, the fraction of variance accounted for by the kinematic (FV kin ) or by the best model (FV best ) was computed as follows:
where X ϭ kin or best. RSS best was computed from the residuals obtained by fitting the best model to the residuals from the kinematic model for all movements except those with ambiguous NRM. When multiple models tied as the best models, the model with the smallest sum of squared residuals was used.
Neural activity for movements with ambiguous NRM. When the first target in a given trial was presented at the center of the grid, NRM for the first movement was always 3 in some blocks. In other blocks, NRM for the first movement starting from the center of the grid could be 1 or 7 with equal probabilities, and therefore was ambiguous (Fig. 1D) . We examined whether activity for such movements with ambiguous NRM was similar to the activity observed for one of the two alternative values of NRM or whether it was intermediate between the amounts of activity observed for the alternative values of NRM. The results from such analysis would be difficult to interpret, unless the neuron in question clearly modulates its activity according to NRM. Therefore, this analysis was performed for a subset of neurons that displayed significant correlation between NRM and the spike counts during the 500 ms interval beginning 250 ms before target onset (t test, p Ͻ 0.05). For each neuron, the spike counts during this interval were first standardized to z scores, and then averaged separately according to whether NRM for each movement was ambiguous or not. For movements with unambiguous NRM, the average z score was calculated separately for each NRM. We used a t test to determine whether the average z score for the movements with ambiguous NRM was significantly different from the value obtained for each NRM. This was done separately according to whether a given neuron displayed positive or negative correlation with NRM.
Results

Behavioral performance
Behavioral data were obtained from 86 daily recording sessions (49 and 37 for monkeys D and J, respectively). A total of 70,420 and 53,280 movements were analyzed for monkeys D and J, respectively. Both animals performed this task with few errors, and the percentages of correct trials across all recording sessions were 98.4 and 99.4% for monkeys D and J, respectively. Although the animals performed the task reliably, their reaction times were systematically affected by several factors. Among them, the NRM had the largest effect. The regression coefficient for NRM was positive and significantly different from zero in both monkeys ( Table 1 ), indicating that the reaction times decreased for relatively small NRM (Fig. 2) . Reaction times were also affected by the OP. In both animals, the regression coefficient for OP was negative, indicating that the reaction times decreased with OP. The effect of distance between the movement target and the rewarded location was also significant in both monkeys, indicating that the reaction decreased for the targets relatively close to the rewarded location. The effect of change in the distance between the movement target and the rewarded location was different for the two animals, although this was significant in both animals. Significant effects of NRM and OP were found in Ͼ90% of the sessions in both animals ( Table 2 ). The effect of distance between the movement target and rewarded location on reaction times was significant in all the sessions for monkey J, but it was significant in 36.7% of the sessions in monkey D. The effect of change in the distance between the target and rewarded location was also significant in a majority of sessions in both animals (Table 2) . Finally, when the first target appeared at the center of the grid and NRM for the first movement was ambiguous, it could be 1 or 7. We found that, for both animals, the reaction times for such movements with ambiguous NRM were relatively similar to the value expected for the movements with NRM ϭ 7 (Fig. 2) . The average reaction time for the movements with ambiguous NRM was 378.9 and 298.0 ms for monkeys D and J, respectively. This was closer to the average reaction time for NRM ϭ 7 (362.4 and 324.9 ms for monkeys D and J) than to the average reaction time for NRM ϭ 1 (271.5 and 200.0 ms for monkeys D and J).
Linear effects of NRM and ordinal position
A total of 114 and 117 neurons recorded from the SMA and pre-SMA, respectively, were included in the analysis. Excluding the movements with ambiguous NRM, the average number of movements examined for each neuron was 1437 and 1438 for SMA and pre-SMA, respectively. Approximately 94% (107 of 114) and 96% (112 of 117) of the neurons in the SMA and pre-SMA changed their activity significantly across different movement directions (ANOVA, p Ͻ 0.05).
Many neurons in both the SMA and pre-SMA also modulated their activity according to NRM. For example, the SMA neuron shown in Figure 3 began to increase its activity shortly after target onset. In addition, the activity of this neuron was greater for small NRM, namely, when the reward was more imminent. The change in activity of this neuron related to NRM was maintained throughout the hold and reaction time periods (Fig. 3, top and  middle) . The spike counts during a 500 ms interval centered at the time of target onset also showed the same trend (Fig. 3, bottom) . In contrast, for some neurons, the activity increased for large NRM (Fig. 4) . To determine whether these changes in neural activity seemingly related to NRM might have resulted from the activity changes related to the kinematic variability, we factored out the effects of the position and velocity of hand and eye movements with a generalized linear model, and used the residuals from this kinematic model for additional analyses (see Materials and Methods). For both neurons described above, the residuals displayed similar effects of NRM compared with the results based on the raw spike counts (Figs.  3, 4, bottom) , suggesting that the effect of NRM on the activity of these neurons was mostly independent of kinematic signals.
All the results described below are based on the analyses performed on the residuals from the kinematic model, unless noted otherwise.
In the present study, NRM and OP were manipulated separately by changing the number of movements in a sequence across trials. To compare the effects of these two variables, we applied a linear regression model that included NRM, OP, and reaction time as independent variables (Eq. 4). Overall, 70.2 and 77.8% of the neurons in the SMA and pre-SMA displayed significant effects of NRM (Table 3 , Fig. 5 ). This difference between the two cortical areas was not statistically significant ( 2 test, p ϭ 0.19). However, neurons in the pre-SMA were more likely to display significant positive correlation between their activity and NRM (47.0%), compared with the neurons in the SMA (30.7%; 2 test, p Ͻ 0.05). The overall percentages of neurons that showed significant effects of OP were 58.8% in the SMA, and this was not significantly different from the proportion of such neurons in the pre-SMA (47.9%; 2 test, p ϭ 0.10) ( Table  3 ). In the pre-SMA, the activity was more frequently affected by NRM than by OP (z test, p Ͻ 10 Ϫ5 ), whereas activity of the neurons in the SMA was affected by NRM and OP more or less equally often ( p Ͼ 0.4). Neurons in the SMA were more likely to display significant positive correlation between their activity and OP (37.7%), compared with the neurons in the pre-SMA (21.4%; 2 test, p Ͻ 0.05). Although this regression analysis was applied to the residuals from the kinematic model, the effect of reaction time was still significant for many neurons in both cortical areas. Neurons in the SMA showed significant effects of reaction time on their activity significantly more frequently (66.7%) than those in the pre-SMA (53.0%; 2 test, p Ͻ 0.05) ( Table 3 ). In addition, compared with the neurons in the pre-SMA, neurons in the SMA were more likely to show negative effect of reaction time on their activity ( 2 test, p Ͻ 0.05). Consistent with the results based on the fraction of neurons that showed significant effects of NRM and OP, the magnitude of regression coefficients associated with NRM was on average larger than that of regression coefficients associated with OP. For SMA neurons, the average magnitude of the regression coefficients was 0.198 and 0.136 spikes/s for NRM and OP, respectively, whereas for pre-SMA neurons, the average value was 0.292 and 0.114 spikes/s for NRM and OP, respectively.
The difference between NRM and OP was statistically significant in both cortical areas (paired t test, p Ͻ 0.005).
By definition, the number of movements in a given sequence, namely the sequence length, was always equal to the sum of NRM and OP. Therefore, it is possible that neural activity related to NRM and OP might have reflected the changes in neural activity related to the sequence length. To test this, we compared the performance of the regression model that includes only the sequence length and reaction time as the independent variable against the model that includes both NRM and OP in addition to reaction time. For each neuron, the model that showed the minimum sum of squared errors more frequently in 50 repetitions of twofold cross-validation was chosen as the better model (see Materials and Methods). For the majority of neurons in both the SMA (91 neurons; 79.8%) and pre-SMA (101 neurons; 86.3%), the model with NRM and OP was chosen as the better model. Therefore, the activity related to NRM and OP did not merely reflect the activity related to the sequence length.
Nonlinear effects of NRM and ordinal position
The results described above revealed that for many neurons in SMA and pre-SMA, their activity tended to change gradually according to NRM and OP. These analyses, however, did not consider the possibility that the activity might change nonlinearly as a function of NRM and OP or the possibility that the effect of NRM and OP might vary according to the direction of the movement. For the SMA neuron shown in Figure 3 , for example, the effects of NRM were relatively similar for different movement directions. In contrast, for the pre-SMA neuron shown in Figure  4 , the effect of NRM was much stronger for leftward movements than for upward and rightward movements, and intermediate for downward movements. To examine how signals related to NRM and OP were combined with directional signals, each neuron was first tested using the null model in which the activity was determined as a function of movement direction and reaction time (see Materials and Methods) . Against this null model, we then tested nine different additive models in which the effects of NRM and OP were combined additively with the effect of movement direction and nine multiplicative models in which these effects were combined multiplicatively. The effects of NRM and OP were modeled as a linear function, as a Gaussian function, or by treating the activity for each NRM and OP as a separate factor. Some of these models included only NRM (N model) or OP (O model), whereas others include both variables (NO model). The results showed that the null model was selected as the best model only for a small number of neurons in both cortical areas, suggesting that activity in these cortical areas was commonly influenced by NRM and OP (Table 4) . For some neurons in both SMA and pre-SMA, the effect of NRM and OP was combined linearly with the changes in activity related to movement direction. For example, the best models for the SMA neuron shown in Figure 3 and the pre-SMA neuron shown in Figure 6 were additive models. Both of these neurons increased their activity for small NRM similarly across different movement directions. For the majority of neurons in both SMA and pre-SMA, however, the effect of NRM varied significantly across movement directions. For example, the pre-SMA neuron shown in Figure 7 increased its activity for small NRM, but this effect was most pronounced for upward movements. The effect was weaker, but still stronger for rightward movements than for leftward and downward movements. For this neuron, multiplicative factor model that includes only NRM was most favored, indicating that the effect of NRM was best modeled by treating the activity for each NRM as a separate factor. Similarly, the effects of NRM and movement direction were combined multiplicatively for the pre-SMA neuron shown in Figure 4 , and this neuron favored multiplicative linear model that includes only NRM.
To understand how the serial information influenced directional signals in the population of neurons in the SMA and pre-SMA, we counted the number of neurons in each cortical area that favored different models. Collapsed over the dimension of functional forms, multiplicative models were chosen more frequently than additive models. Overall, for 54.8 and 57.7% of the neurons in SMA and pre-SMA, changes in activity were better accounted for by multiplicative models than by additive models (Table 4) . This difference between the two areas was not significantly different ( 2 test, p Ͼ 0.7). Thus, signals related to NRM and OP tended to have multiplicative or modulatory effect on activity related to movement direction in both cortical areas. Collapsed over the dimension of multiplicative versus additive mod- . An example neuron in pre-SMA showing activity negatively correlated with NRM. Activity of this neuron was best accounted for by the additive NO factor model. The format is the same as in Figure 3 . els, the factor models were chosen in the majority of neurons in both SMA (52.2%) and pre-SMA (63.7%). This was followed by the linear model, which was chosen for 25.9 and 15.8% of the neurons in SMA and pre-SMA, respectively. The distribution of neurons across three different functional forms was not significantly different for the SMA and pre-SMA ( 2 test, p Ͼ 0.1). When the results were combined regardless of whether a given neuron was best fit by N, O, or NO models, the multiplicative factor model was chosen as the best model most frequently (32.5 and 40.2% in SMA and pre-SMA, respectively). This was followed by the additive factor model (19.7 and 23.5% in SMA and pre-SMA). The distribution of neurons across such six different models was not significantly different for SMA and pre-SMA ( 2 test, p Ͼ 0.4). We also examined how the effects of NRM and OP were combined in the activity of individual neurons in the SMA and pre-SMA. The effects of NRM and OP were visualized by plotting the spike counts averaged separately for each combination of NRM and OP (Fig. 8) . These plots revealed that the activity of some neurons was modulated by both NRM and OP (Fig. 8 A) , whereas other neurons modulated their activity almost exclusively according to NRM (Fig. 8 B) . The results from model comparison showed that many neurons in both SMA and pre-SMA displayed the effects of both NRM and OP (NO models) (Table 4) . Overall, 60.1 and 60.3% of the neuron in the SMA and pre-SMA were best described by NO models, respectively. In addition, a substantial fraction of neurons in both SMA and pre-SMA were best explained by N model (23.7% in SMA; 27.8% in pre-SMA). Only a small fraction of neurons in both areas were best described by O models (4.8% in SMA; 1.7% in pre-SMA). In both cortical areas, multiplicative factor NO model was chosen as the best model most frequently (21.9% in SMA; 31.6% in pre-SMA). The distribution of neurons across 19 different models examined in this study was not significantly different for the two cortical areas ( 2 test, p Ͼ 0.6). In addition, regardless of which model was chosen as the best model, the models that include the variables related to the serial information about the movement, such as NRM and OP, accounted for a substantial proportion of the variability in neural activity (Fig. 9 ). The kinematic model that included only the information about the positions and velocities of hand and eye movements accounted for 19.4 and 18.8% of the variability in the spike counts in the SMA and pre-SMA, respectively. The fraction of variance accounted for by the best model was 27.2 and 29.1% in the SMA and pre-SMA, respectively.
Effect of uncertainty in NRM on neural activity
For the results described so far, the movements with ambiguity in NRM (Fig. 1 D) were excluded. To gain insights into how this uncertainty in NRM affected the activity of neurons in the SMA and pre-SMA, we compared means of normalized neural activity for ambiguous movement to those for unambiguous movement at each NRM. This comparison was done separately according to whether the activity of a neuron was positively or negatively correlated with NRM. When NRM of a given movement was ambiguous, it was either 1 or 7. Therefore, if the animal estimated the value favoring one of these possibilities and neurons in the medial frontal encoded this estimated value, neural activity for ambiguous movements would be similar to that for movement with NRM of 1 or 7. The results showed that neural activity for ambiguous movement was mostly intermediate between these two extreme values (Fig. 10) .
Discussion
Coding of ordinal information in the medial frontal cortex A number of previous studies have examined the activity of neurons in different brain areas while the monkeys produced a sequence of eye or hand movements from memory. Many of these studies have found neurons encoding the ordinal positions of movements in a sequence, exclusively or in combination with other movement parameters. When tested with hand movements, such neurons were found in the lateral prefrontal cortex (Barone and Joseph, 1989; Averbeck et al., 2003) , the dorsal anterior cingulate cortex (Procyk and Joseph, 2001) , and the basal ganglia (Kermadi and Joseph, 1995; Mushiake and Strick, 1995) . Neurons encoding ordinal positions during sequential hand movements were also found in the pre-SMA and the SMA (Clower and Alexander, 1998; Shima and Tanji, 2000) . For memorized eye movement sequences, neurons encoding ordinal positions were found in the prefrontal cortex (Averbeck et al., 2006) and pre-SMA (Isoda and Tanji, 2004) . Such neurons were also found frequently in the supplementary eye field, but rarely in the frontal eye field (Isoda and Tanji, 2003) . In most of these studies, however, the number of movements in a sequence was usually three, and this was fixed throughout the experiment. Therefore, the activity seemingly related to the ordinal positions of the movements in a sequence might indeed encode the number of movements remaining in the sequence. In the present study, we varied the number of movements in a sequence to dissociate the effects of OP and the NRM. The results showed that neurons in the SMA were more or less equally likely to encode these two parameters. In contrast, neurons in the pre-SMA were more likely to encode NRM than OP, suggesting that the pre-SMA might encode the serial orders of movements in a sequence prospectively.
Implications for value encoding in the medial frontal cortex Neural activity related to the ordinal position of a movement in a sequence can play an important role in assembling multiple movements in a correct order (Tanji, 2001) . Signals related to NRM might be used for the same purpose, because individual movements in a sequence can be uniquely identified by either their ordinal positions or NRM. However, during the task used in the present study, NRM also reflected the immediacy of reward expected at the end of each trial and the amount of work necessary to obtain reward. Both of these factors are likely to change the subjective value of reward. For choices among asynchronous outcomes, many models of decision making, such as discounted utility theory (Samuelson, 1937) and reinforcement learning (Sutton and Barto, 1998) , postulate that the value of a future reward is reduced according to its delay, even when the amount of work is held constant. This is referred to as temporal discounting. Indeed, during free-choice tasks, the preference for reward decreases with the delay expected before reward delivery (Frederick et al., 2002) . Similarly, the animal's performance deteriorates when the number of movements before reward increases (Bowman et al., 1996) or if the delivery of reward is delayed (Perin, 1943) . We previously found that the saccadic reaction times were more strongly influenced by NRM than by the ordinal positions of eye movements in an oculomotor sequence task . Similarly, in the present study, we found that the reaction times for hand movements decreased as the NRM decreased, suggesting that the subjective value of expected reward increases across successive movements in a trial. In addition, signals related to reward delivery or its omission as well as reward expectancy have been found in the SMA (Campos et al., 2005) , and other areas in the cingulate cortex that project to the SMA and pre-SMA (Shidara and Richmond, 2002; Amiez et al., 2006) . Therefore, the activity in the SMA and pre-SMA related to the NRM might reflect the subjective value of reward expected as a consequence of a particular movement.
Currently, the exact nature of neural signals related to NRM remains unknown. This can be examined in future studies, for example, by manipulating the interval between successive movements so that the immediacy of reward and NRM can be dissociated. Whether activity related to NRM reflects the amount of work or effort necessary to obtain reward can be also tested by manipulating the amount of force necessary to acquire each target or other aspects of task difficulty. Finally, if the activity related to NRM encodes the value of each movement, it should vary not only with the NRM or immediacy of reward, but also with the probability and magnitude of reward. Signals related to the im- mediacy, probability, and magnitude of reward are broadly distributed in many brain areas (Platt and Glimcher, 1999; Olson, 2003, 2005a,b; Sugrue et al., 2004; Tobler et al., 2005; Tsujimoto and Sawaguchi, 2005) . Therefore, neural activity in the SMA and pre-SMA might be similarly influenced by such factors.
In the present study, neurons in the pre-SMA were more likely to increase their activity for movements with relatively large NRM than those in the SMA. This suggests that the pre-SMA might play a more important role in initiating a sequence of movements when reward is expected after multiple movements. The results from imaging studies in human subjects have shown that different regions in the basal ganglia might be specialized in selecting movements that can maximize the overall reward in different timescales. For example, the ventral striatum increases its metabolic activity when the subjects choose the options that can maximize the reward immediately (Tanaka et al., 2004; Hariri et al., 2006) . It remains to be seen whether the pre-SMA and SMA are similarly specialized for reward maximization at different timescales during sequential decision making.
Multiplexing of reward and direction signals
Previous studies have identified neural signals related to reward values in different areas of the primate brain, including the lateral prefrontal cortex (Watanabe, 1996; Leon and Shadlen, 1999; Kobayashi et al., 2002; Barraclough et al., 2004; , the orbitofrontal cortex (Tremblay and Schultz, 1999; Roesch and Olson, 2004; Padoa-Schioppa and Assad, 2006) , the anterior cingulate cortex (Shidara and Richmond, 2002; , the posterior parietal cortex (Platt and Glimcher, 1999; Dorris and Glimcher, 2004; Sugrue et al., 2004) , the basal ganglia (Kawagoe et al., 1998; Cromwell and Schultz, 2003; Samejima et al., 2005) , and the amygdala (Paton et al., 2006) . In addition, the timing of expected reward also influences the activity of neurons in these brain areas (Shidara and Richmond, 2002; Roesch and Olson, 2005a; Tsujimoto and Sawaguchi, 2005) , indicating that neurons in these areas might encode the subjective value of reward discounted temporally according to its delay. Many neurons in the brain areas described above also modulate their activity according to the parameters of the animal's movement (Funahashi et al., 1989; Hikosaka et al., 1989; Andersen et al., 1990; Russo et al., 2002) . However, how the signals related to the movement direction and expected reward are combined at the level of individual neurons is still poorly understood. In addition, whether neural signals correlated with various aspects of reward and attention reflect distinct processes needs to be investigated further (Maunsell, 2004; Bendiksby and Platt, 2006) .
In the present study, the majority of neurons in SMA and pre-SMA modulated their activity according to both the NRM and movement direction. Furthermore, effects of these two variables were often combined multiplicatively, suggesting that NRM might modulate the gain of the signals related to movement direction. When the activity of a cortical neuron encodes more than one variable, the effects of multiple variables are often combined in a multiplicative manner (Salinas and Thier, 2000; Chance et al., 2002) . For example, signals related to the retinotopic position of a visual stimulus are modulated by the animal's gaze direction as well as the position of the animal's body in the primate posterior parietal cortex, which might reflect the progression toward a stable representation of visual space (Andersen et al., 1997) . Similarly, the signals related to stimulus parameter in the extrastriate cortex are modulated multiplicatively by the animal's attention, which might allow the attended stimulus to be selected for additional processing (McAdams and Maunsell, 1999; Treue and Martínez Trujillo, 1999; Ardid et al., 2007) . By modulating the gain of movement-related signals, the signals related to NRM might provide a mechanism to allow the animal to choose a particular movement sequence that maximizes the overall reward (Lee, 2006) . It is possible that this selection process might be facilitated by synchronized oscillatory activity (Lee, 2003 (Lee, , 2004 Averbeck and Lee, 2004; Tiesinga et al., 2004; Sejnowski and Paulsen, 2006) . Multiplicative interaction between the signals related to reward and movement parameters has been also found in the basal ganglia (Pasquereau et al., 2007) , and therefore might represent a general mechanism for action selection. Within each group, normalized activity was averaged separately for unambiguous movements as a function of NRM (filled circles) and for movements with ambiguous NRM (empty circles). Error bars indicate SEM. *p Ͻ 0.05 (t test).
